ABSTRACT: In this study, we propose a system to recognize the finger-lifting electroencephalogram (EEG) data. Combined with independent component analysis (ICA) and feature extraction, fuzzy c-means (FCM) clustering is used to
Introduction
Brain-computer interface (BCI) is a communication system that provides an alternative channel from human brain to computers by analyzing the brain's mental activities [1] [2] [3] [4] [5] [6] . Electroencephalographic (EEG) analysis focuses on discriminating left finger movement from right one.
Independent component analysis (ICA) is a statistical method for transforming observed multidimensional mixed signals into components that are statistically as independent as possible. It is a blind source separation method, which estimates the source components under unknown knowledge of sources. In contrast to principal component analysis (PCA), only ensuring output patterns are uncorrelated, ICA makes certain their statistical independence. In this study, the FastICA algorithm [7] is adopted to eliminate the electrooculography (EOG) artifacts. onset detection in epilepsy [8] and image coding [9] . We use DWT to decompose EEG signals into multiscales, and then obtain multiresolution fractal feature vectors (MFFVs) from multiscale EEG signals. As MFFVs have been shown to achieve promising results in finger movement applications [10] , we have opted to use MFFVs as features in this study. Fuzzy c-means clustering is an unsupervised approach that partitions a collection of feature vectors into a number of subgroups based on minimizing the trace of a within-cluster scatter matrix [11] [12] [13] . Therefore, we use FCM clustering for the classification of EEG data in this study. This paper is organized as follows: In Section 2, EEG data acquisition and analysis are presented; Section 3 describes experimental results and discussions on single-trial ERP data; finally, conclusions are given in Section 4.
Methods

Data Acquisition
EEG signals were recorded from four untrained subjects (three males and one female, two left-handed and two right-handed) in a shielded room using 13 silver/silver chloride electrodes. As illustrated in Figure 1 . They included ten scalp EEG channels (C3, C5, FC3, C1, CP3, C4, C2, FC4, C6, and CP4), two EMG channels for monitoring left and right muscle activity, and one channel on the forehead to record possible EOG artifacts and eye blinks during the experiment [14] . All electrodes were referenced to the A1 lead at the left earlobe. During the experiments, each subject was asked to perform two trials, which included left and right finger lifting in each test. Each trial was ten seconds in length; therefore, it took twenty seconds in a test. For each lifting trial, the first 4s was quiet and then an acoustic stimulus was given as a cue to signify the beginning of left or right finger lifting. At the same time, each subject was asked to execute a finger lifting. We recorded sixty tests for each subject. Data segments of the finger lifting were acquired from second -2 to second 2, where second 0 stands for the trigger of movement by detecting the peak EMG signal after linear envelope processing.; footnotes should be avoided. An informative abstract of 200 words or less should be included on the first page.
EOG Artifact Removal
ICA is a statistical method for transforming observed multidimensional mixed signals into components that are statistically as independent from others as possible. Statistical independence needs that all high-order correlations are zero, while decorrelation only minimnd-order statistics. The application of ICA for blind source separation of EEG signals is based on a reasonable assumption that EEG data acquired from multiple scalp electrodes are the linear combinations of temporally independent components.
In this study, the FastICA algorithm [7] is adopted to eliminate the EOG artifacts due to the characteristic of its fast convergence. It removes the means of row vectors from the matrix and then uses a whitening procedure to transform the covariance matrix of zero-mean data into an identity matrix. Finally, it separates the whitened data into a set of components which are as mutually independent as possible. After the removal of EOG artifacts, the EEG signals without EOG artifacts are recovered from remaining independent components. The procedure for the elimination of EOG artifacts is shown in Figure 2 . In Figure 2 
Data Preprocessing
The Laplacian filter is a simple but effective filtering method [15] . It calculates the second derivative of the spatial voltage distribution for a selected electrode. It is a high-pass spatial filter that enhances localized activities and reduces background noise. This filter is achieved by subtracting the average potential of a set of surrounding electrodes from the electrode of interest:
where V i represents the potential between the i th electrode and the reference A1, and S i and N stand for the set of electrodes surrounding the i th electrode and the number of surrounding electrodes, respectively.
Feature Extraction
Feature extraction is performed rather than directly classifying tizes the secohe native EEG data. We performed the discrete wavelet transform and fractal dimension on the filtered active segments. A signal is characterized with the formulation by decomposing it into sub-bands, and each sub-band can be treated individually based on its characteristics. Multiresolution representation of the filtered active segments is achieved by discrete wavelet transform (DWT). Fractal dimension (FD) is one of the most popular fractal features, and we opted to use the FD due to the fact that it is relatively insensitive to signal scaling and shows a strong correlation with human judgment of surface roughness [16] . The multiresolution fractal feature vectors (MFFVs) are formed by concatenating various-scale fractal features, calculated from the active segment itself and all of its subbands using the modified fractal dimension. 
Fuzzy c-means Clustering
Clustering is a process for classifying training samples in such a way that samples within a cluster are more similar to one another than samples belonging to different clusters. Similarity measures employed to classify samples depend on the object characteristics e.g. distance, vector, entropy, etc. Many clustering approaches have also been demonstrated such as the hard clustering algorithm [17, 18] and the soft (fuzzy) clustering algorithm, each of which has its own special characteristics. There are many applications in clustering strategy [19, 20] . The fuzzy clustering method assigns the sample with a number, m, between zero and one described as a membership function. In this paper, fuzzy clustering method is to classify the feature vectors extracted from the original EEG data, and recognize complicated brain mental tasks, such as left and right finger movement.
The FCM clustering algorithm was first introduced by Dunn [21] , the related formulations and algorithms were extended by Bezdek [22] . The FCM approach, like the conventional clustering techniques, minimizes an objective function in the least squared error sense. For class number c ( c ≥ 2 ), sample number n and fuzzification parameter m (1 ≤ m < ∞), the algorithm chooses u i : X → [0, 1] so that ∑ i u i = 1 and w j ∈R d for j =1, 2, ..., c to minimize the objective function.
Where u i, j , is the value of j th membership grade on i th sample x i . The cluster centroids w 1 ,...,w j , ..., w c can be regarded as prototypes for the clusters represented by the membership grades. For the purpose of minimizing the objective function, the cluster centroids and membership grades are chosen so that a high degree of membership occurs for samples close to the corresponding cluster centroids. The steps of the FCM algorithm are listed below.
Step 1: Initialize the cluster centroids w j ( 2 < j < c), fuzzification parameter m (1 < m < ∞), and the value ε > 0. Give a fuzzy cpartition U (0) and t =1.
(c) (2) where d i, j , is the Euclidean distance between the training sample x i and the class centroid w j .
Step 3: Update the class centroids by for every j.
Step 4:
⎢). If Δ > ε, t = t + 1 and go to step 2 ; otherwise stop the process.
Results and Discussion
An unsupervised method utilizing FCM clustering is proposed for left and right finger movement classification from single-trial EEG data in this study. The FCM algorithm is implemented to recognize left and right finger movement data without any training in advance. As FCM clustering is an unsupervised approach that partitions a collection of feature vectors into a number of subgroups based on minimizing the trace of a within-cluster scatter matrix, it is adopted to automatically classify MFFVs into two clusters, left and right finger movement.
An experiment for evaluating the performance of EOG artifact removal was performed. 
Conclusion
In this study, we propose an EEG analysis system for the single-trial recognition of EEG data. Fuzzy c-means clustering together with ICA and feature extraction are applied for the recognition of left and right finger movement. ICA is used to eliminate the EOG artifacts. The wavelet-fractal features are obtained using fractal dimension extracted from the DWT data. They both can improve the classification of mental tasks. FCM clustering is used for the classification of the EEG data. FCM clustering is a robust approach suitable for the classification of non-stationary EEG signals. The experimental results demonstrate that ICA is a promising approach to eliminate the EOG artifacts.
